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Abstract  
Forgetting is in common in daily life, and 50-80% everyday’s forgetting is due to prospective 
memory failures, which have significant impacts on our life. More seriously, some of these 
memory lapses can bring fatal consequences such as forgetting a sleeping infant in the 
back seat of a car. People tend to use various techniques to improve their prospective 
memory performance. Setting up a reminder is one of the most important techniques. The 
existing studies provide evidences in support of using reminders to cope with prospective 
memory failures. However, people are not satisfied with existing reminders because of their 
limitations in different aspects including reliability, optimization, and adaption.  
Through analysing the functions and features of existing reminder systems, this book 
draft summarizes their advantages and limitations. We are motivated to improve the per-
formance of reminder systems. For the improvements, the relevant theories and mecha-
nisms of prospective memory from psychology must be complied with, incorporated, and 
applied in this new study. Therefore, prospective memory processes, prospective memory 
components, and potential factors that influence prospective memory performance were 
also reviewed in this book draft.  
Based on the literature review, a new reminder model is proposed, which includes a 
novel reminder planer, a prospective memory based agent, and a personalized user model. 
The reminder planer is responsible for determining the optimal reminder plan (including the 
optimal number of reminders, the optimal reminding schedule and the optimal reminding 
way). The prospective memory agent is responsible for executing the reminding processes. 
The personalized user model is proposed to learn from users’ behaviors and preferences 
based on human-system interactions and is responsible for adapting the reminder plan to 
meet users’ preferences as much as possible. To realize the functions of different 
components in our new reminder model, a series of principles and algorithms are presented 
in the book draft.  
Our reminder system with the reminder planer, the prospective memory agent, and  
the personalized user model provides a promising ground for improving the prospective 
memory performance. The reminder plan, as the product of the reminder planer including 
the optimal number of reminders, the optimal reminding schedule and the optimal reminding 
way, overcomes the limitations of current reminder systems in reliability and optimization. 
Our prospective memory agent supported by psychological models provides a believable 
diagram of prospective memory processes. It not only demonstrates important components 
such as planning and monitoring in processes, but also interprets the important stage for 
prospective memory failures. The execution of reminding integrated into the agent ensures 
the reminding happens in prospective memory processes to resist prospective memory 
failures. On the premise of reliability, the personalized user model also acts on the reminder 
plan to make our system adaptive through learning users’ behaviors from human-system 
interactions.  
The future work is required to design and conduct relevant experiments to examine the 
degree of each factor (the type of ProM task, user’s age, the complexity of the ongoing task, 
the importance of the ProM task, and the motivation of the ProM task ) and the interactions 
between these factors. We will apply these results into the system to maximize the 
probability of remembering to perform the prospective task and minimize the potential 
annoyance. At the same time, we will improve the methods about learning the users’ 
behaviors and preferences from human-system interactions.  
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1.1 Background and Motivation  
Forgetting is common in our everyday life. You may forget to do something at a particular 
time, such as forgetting to take medicines after meal and forgetting a meeting at 3:00 PM, 
or at a particular occasion, such as forgetting to buy milk when you are passing by a 
grocery store. These tasks have in common is that they are in the future. Remembering to 
perform a future task is referred to as prospective memory (ProM) [1]. According to Kliegel 
and Martin (2003), everyone is undergoing ProM failures. A significant number of 50-80% 
everyday forgetting is due to ProM failures [2]. Some of these memory lapses can bring 
fatal consequences. Every year we can see the news that an infant died in a hot car after 
parents left the car, forgetting that the child was sleeping quietly in the back seat. People 
are eager to learn more techniques for improving ProM performance and coping with ProM 
failures.  
ProM is a complex cognitive function as it consists of several stages and various 
components [1, 3]. A specific prospective task has its own characteristics, which determine 
the nature of the ProM task. First of all, the prospective task to be performed at a specific 
situation or at a particular time determines the type of ProM (event-based or time-based). 
Second, the prospect of attending a stressful and exhausting meeting may not be appealing, 
while the prospect of meeting a friend could be something to look forward to. The 
motivation is associated with the performance of prospective tasks. However, if the stressful 
meeting is important since your absence may lead to serious consequences, while the task 
of meeting a friend may not be so important. The personal awareness of task importance 
also influences the ProM performance. On the other hand, a ProM task is embedded in 
ongoing activities, and requires us to perform it when an appropriate condition is satisfied. 
The degree of attention resources occupied by ongoing tasks could influence the 
prospective task performance. Improving the ProM performance requires understanding 
ProM from its mechanisms to various factors that act on it.  
ProM problems are common with age [4]. Old adults tend to use ProM reminders to 
cope with their ProM decline [5]. Without reminders, the challenge for performing a ProM 
task is that the intention needs to be initiated while you are simultaneously engaging in the 
ongoing tasks [6]. Reminders provide a solution to initiate the prospective task at an 
intended time, and they range from paper notes to advanced technology-based ones. 
Originally, most of technology-based reminders (e.g., MEMOS, Memojog) were designed 
for users with cognitive impairment to promote their independence and assist them in health 
and wellbeing of individual [7]. Currently, technology-based reminders are popularly used 
by individuals. We acknowledge their helps in personal time management, such as Google 
calendar.  
1.2 Research Questions  
In some cases, we are not satisfied with our reminder system because of its failure in 
reminding, issuing burdensome reminders (annoyance), or disagreeable signal (e.g., some 
persons prefer sound reminder to visual reminder). We are motivated to investigate the 
improvements to the generic reminder system that will be more reliable, optimal and 
adaptive. Therefore, the tradeoff between the reliability and the annoyance as how many 
reminders should be issued to users for a specific ProM task is one of our main objectives. 
Spontaneously, the question of when to remind arises, since reminders are issued between 
the time of the first reminder and the time of executing the ProM task. Considering the 
reminder as a created cue to the ProM task, another question of how to make the reminder 
salient and associated with the ProM task comes up. Therefore, how many times to remind, 
when to remind, and how to remind are our research questions. Consequently, the number 
of reminders, the reminding schedule, and the reminding way constitute our reminder plan.  
In addition, we learn from some existing intelligent memory assists, such as Autominder 
with the adaptive feature[7]. We proposed to develop a personalized user model to observe 
the user’s behaviors, learn the user’s preferences for each feature of the reminder plan 
(e.g., the preference of audio or visual signal), and adapt the reminder plan to meet the 
personal preferences as much as possible. Therefore, our last research question is how to 
make the reminder plan adaptive and personalized according to the knowledge learned 
from users.  
Based on the discussion in this section above, the highlights of four research questions 
are:  
• How to calculate the optimal number of reminders for a specific ProM task?  
• How to determine the optimal reminding schedule for a specific ProM task?  
• How to determine the optimal reminding way for a specific ProM task?  
• How to make reminder plan adaptive and personalized based on the knowledge 
learned from users?  
 
1.3 Approaches  
To address research questions above, our approaches include two dependent aspects. 
Firstly, we establish a structural model of the reminder system, which includes three 
components of Reminder Planer, ProM Agent, and Personalized User Model. The reminder 
planer is responsible for determining the optimal reminder plan. The memory agent is 
responsible for executing the reminding processes. The personalized users model is 
responsible for adapting the reminder plan. This structural model is developed by reasoning 
various factors which potentially influence the ProM performance, by complying with the 
process model of ProM, and by overcoming the limitations and learning the advantages 
from existing reminder systems. Secondly, we use mathematical functions to calculate the 
optimal number of reminders, the reminding schedule and the reminding way. We are also 
going to apply some machine learning algorithms into the personalized user model to adapt 
the reminder plan in the future.  
1.4 Contributions  
The main contributions based on literature review, model design and implementation, are 
summarized as follows:  
• We have done a comprehensive literature review, including three aspects: 1)ProM 
theories of four stages and six components, 2) a series of potential factors (type, age, the 
complexity of ongoing task, the importance of ProM task, and the motivation of ProM task) 
which influence the ProM performance, and 3) the existing reminder systems to cope with 
ProM failures, all of which provide theatrical and practical supports for our reminder system 
development.  
• Based on the literature review, we conducted the structural model of reminder sys-
tem, which includes Reminder Planer, ProM Agent, and Personalized User Model.  
• We came up with the concept of the reminder plan with the optimal number of 
reminders, the optimal reminding schedule, and the optimal reminding way, which can 
provide reliable and optimal reminders.  
• We have integrated the reminding function into ProM processes so as to clearly un-
derstand how a ProM task fails and how reminders happen in prospective memory 
processes.  
• We proposed the personalized user model to adapt the reminder plan to meet with 
users’ preferences.  
 
1.5 Organization  
In the following chapters, firstly, we investigate various factors which potentially influence 
the ProM performance through reviewing the ProM theories and empirical studies. 
Secondly, we review a series of existing ProM assists, and compare their advantages and 
drawbacks. Thirdly, through applying theoretical knowledge, incorporating factors drawn 
from empirical studies, and learning from the existing ProM assists, we develop our 
reminder system including three components of the reminder planer, the ProM agent, and 
the personalized user model. Finally, our future work is proposed to conduct a series of 
experiments to work out the weight of each factor on the ProM performance, and integrate 
reinforcement learning and supervised learning to make our reminder system adaptive.  
Chapter 2  
 
Theoretical and Empirical 
Background  
2.1 ProM Theory  
Prospective Memory (ProM) refers to remembering to perform the intended task after a 
delay [1]. The intended task is stored in memory and will be executed in the future [8]. 
Remembering to take medication at 7:00 PM, remembering to buy milk on the way home 
after work, or remembering to deliver the mails when passing by a mail box are examples of 
the ProM task. It happens in our health and social life, and directly influences our life quality. 
According to Kliegel and Martin (2003), a significant number of 50-80% memory failures are 
ProM problems [2]. The challenge for ProM tasks is that the intention has to be triggered 
while you are simultaneously engaging in the ongoing task [6].  
Process Model: According to Kliegel et al. (2002), a ProM task involves four stages: 1) 
intention formation (a future task is planned and encoded), 2) intention retention (the 
intention is maintained and waits for the perception of the target while engaging in ongoing 
tasks), 3) intention initiation (the moment at which the execution of intention is initiated), 4) 
intention execution (the maintained task is performed) [3]. From these stages, we can find 
that in order to completely accomplish a ProM task, people have to remember not only what 
content is supposed to do, but also when to perform. If people successfully retrieve what 
they intend to do from memory, less frequently they fail to remember what the task is. 
Therefore, people with ProM problems mostly fail to initiate the intention at the appropriate 
moment.  
Six-Component Model: A number of studies devote to investigating the cognitive 
processes of ProM in order to explain what components are involved in encoding, retention 
and retrieval [9, 10, 11]. Dobbs and Reeves (1996) have developed a comprehensive 
model of six-component which are 1) meta-knowledge, 2)planning, 3)monitoring, 4)recalling 
the content of the intention, 5)compliance, and 6)awareness of output [9]. In this model, it 
emphasizes that the retrospective memory (the content of intentions) is involved in ProM 
processes. Meanwhile, it demonstrates that execution functions, such as planning and 
monitoring, play important roles in ProM. Additionally, it mentions that both the knowledge 
of understanding how to remember and personal abilities as potential factors affect the 
ProM performance.  
2.2 Factors in ProM  
2.2.1 The Type of ProM as A Factor  
ProM tasks have been primarily identified by two types: time-based and event-based [12]. 
The time-based ProM refers to performing an intention at a specific time or after a period 
(e.g., remembering to take medicines at 7:00 PM or 30 minutes later). It depends on 
internal cues of time monitoring and self-initiation. The event-based task refers to 
performing the delay intention by an event (e.g., remembering to deliver the mails when 
passing by a mail box). This event is external environment cue, not requiring self-initiation.  
A thorough review of existing studies makes clear that there are mechanical differences 
between event-based and time-based ProM. A majority of researchers stated that 
performance on event-based tasks is much better than that on time-based tasks because  
the latter is particularly dependent on monitoring of time and self-initiation [13, 14, 15]. For 
example, in studies of Einstein et al. [14], the experiment 3 involved both time-and 
event-based tasks. The participants were asked to answer a set of general questions (the 
ongoing task). In the time-based task, the participants were required to press a keyboard 
key every 5 minutes, and in the event-based task, they were required to press the keyboard 
key when they met the question of president. The results indicated that the participants’ 
(both 18-21 years old and 61-78 years old adults) performance on the event-based task 
was higher. However, some researchers presented the different results, for exapmle, 
d’Ydewalle et al. conducted a face-identification task in the ongoing activity, without 
answering general questions which were used by Einstein et al. According to their results, 
the performance in the time-based task was better than that in the event-based task among 
old adults (55-81 years) (see also [16]).  
In the interest of explaining the discrepant results, d’Ydewalle et al. combined ex-
periments both in studies of Einstein et al. and d’Ydewalle et al. (like [17, 14]). They 
demonstrated that when participants were involved in the simple problems (low cognition), 
their performance in the time-based task was higher than that in the event-based task, 
whereas when they were required to resolve complex problems (high cognition), their 
performance in the time-based task decreased, particularly for old adults (60-86 years) [18]. 
d’Ydewalle et al. (2001) reproduced the experiment by 2 × 2 × 2 design (old vs. young, 
event− vs. time− based task, and low vs. high complexity of the ongoing task). This study 
confirmed that the complexity of ongoing task is an important factor that influences ProM 
performance. Their result provides a better explanation to the type-related discrepancy [19]. 
2.2.2 Age as A Factor  
2.2.2.1 Development of ProM  
According to the review, only two remarkable studies have examined the development of 
ProM on very young children (2-5 years old) [20, 21]. Some studies compared children of 
very young age and early school age (4-7 years old)(e.g., [22]). And some studies 
concentrated on schoolchildren development with a relatively short age range of 3 or 4 
years, such as Passolunghi et al. (1995) compared the ProM performance between 7 years 
old and 10 years old children, and Nigro et al. (2002) studied children between 7 years old 
and 11 years old [20]. A few studies concentrated on schoolchildren development with a 
relatively wider age range of 5 years (e.g., [23, 24]).  
From 2 to 5 years old. Two studies examined the development of ProM in children aging 
from 2 to 5 years old [20, 21]. These studies found that children have the ProM ability at as 
early as the age of 2. In Somerville et al. (1983), children from 2 to 4 years old were 
involved in the deliberate ProM activities. 2-, 3-, and 4-year-old children were arranged to 8 
different ProM tasks by their mothers over a period of 2 weeks. These tasks varied in high 
motivation level such as “remind me to buy candy at the store” and low motivation level like 
“remind me to bring in washing”. The time of delay to carry out the task varied in short (a 
few minutes) and long (a few hours) level. The results found that even 2 years old children 
could recall the ProM tasks and perform very well, with 80% successful in remembering 
tasks with high interesting and short delay.  
Unlike the naturalistic study of Somerville et al. (1983), Guajardo and Best (2000) 
studied the 3 to 5-year-old children on the ProM task in a laboratory settings. In their study, 
the children were introduced a computer-based game in which they received 6 blocks of 10 
pictures at frequency of 5 seconds per picture. The ProM task required the children to press 
a key on the keyboard once they saw a picture of a house (or a duck). The results showed 
that the 5-year-old children were reliably better at remembering to press the keyboard than 
3-year-old children. Their study obtained a significant effect of age which means the 
5-year-old children can performance better on ProM tasks than 3-year-old children [25].  
From 5 to 7 years old. Some studies showed ProM has rapidly developed after the age 
of 5 (e.g., [26, 22]). For example, Kvavilashvili et al. (2001) examined two groups of 
children’s (5 years old and 7 year old) performance on the event-based ProM task in 
experiment 1. The children were engaged in an ongoing activity of naming the picture cards. 
They were asked to hide the cards when they saw the animal cards. Finally they found that 
the 7-year-old children performed better than 5-year-old children [22]. However, some other 
studies obtained discrepant findings. For example, Meacham and Colombo (1980) asked 
the children (from 5 to 8 years old) to play a card game with experimenters. The ProM task 
was that when they finished the game, the children reminded the experimenters to open the 
surprise box which had been placed on the table before they started the game. The data 
analysis revealed that there was no age effect during this age period [27].  
From 7 to 12 years. There are two studies on children development in the time-based 
ProM from 7 to 12 years old [23, 24]. The computer game CyberCruiser was applied in 
Kerns’ (2000) study. The children from 7 to 12 years old controlled the car by using a 
joystick. They were required to be very careful about the traffic and hazards around to get 
points. The points were calculated by whether hitting other vehicles or not and how fast the 
speed was. The time-based ProM task was to check the fuel gauge by hitting a button in 
case the gas ran out. The results revealed a significant ProM development from 7 to 12 
years old [23]. In the study of Mackinlay et al. (2009), the ongoing activity was one-back 
picture which required the children (7-12 years old) to judge whether the current picture has 
been seen before by pressing yes or no keys. The time-based PROM task was instructed to 
remember to press the clock key every 2 minutes. The results indicated that older children 
had better performance [24]. Passolunghi et al. (1995) also acquired the findings that the 
older children’s (10-11 years old) performance on the event-based ProM task is better than 
the younger children’s (7-8 years old) [28]. These findings on development patterns 
revealed a significant ProM development in schoolchildren.  
However, Nigro et al. (2002) failed to find any significant development in either time-or 
event-based ProM [20]. In their study, the children were engaged in the ongoing task of 
solving mathematical additions and puzzles. They were required to remind the ex-
perimenter to do something at a particular time or when seeing another experimenter. The 
results didn’t present age effect between 7-year-old and 11-year-old children. Kvavilashivili 
et al. (2007) concluded that development of ProM is slow from 7 to 12 years old [29]. This 
conclusion contradicted the findings in Mackinlay et al. (2009) which showed significant 
ProM development in the time-based task, and the findings of Passolunghi et al. (1995) 
which showed the children’s ProM development in the event-based task.  
Conclusions: Why the findings of these studies are discrepant? Firstly, as mentioned 
before, the complexity of the ongoing task possibly interfered with the results. For examples, 
in the study of Guajardo and Best (2000), each block of 10 pictures with 5 seconds per 
picture to response could have been a difficult ongoing task for 3-year-old children. Also, in 
the study of Kvavilashvili et al. (2001), it is obvious that 4-year-old children have more 
challenges to name 20 pictures in each of four stacks of cards than children of 7-year-old. 
Similarly, in the study of Kerns (2000), although the game as an ongoing task was equally 
interesting to both 7 and 12-year-old children, it is still difficult for 7-year-old children to play 
that game.  
Secondly, it is also possible that some paradigms cannot eliminate ceiling effects. For 
examples, in the study of Somerville et al. (1983), the ProM task of reminding mom to buy 
candies in a few minutes was too exciting for either 2-year-old children or 3-year-old 
children. The children cannot wait to carry out the exciting task (ProM task). It is not 
surprising to see 2-year-old children’s performance on the ProM task is the same as older 
children’s. Similarly, in the study of Meacham and Colombo (1980), the ProM task of 
reminding the experimenter to open the surprising box is also a temptation target.  
2.2.2.2 Aging with ProM  
In fact, initially, age was the focus of ProM studies. Craik (1986) was the first one to point 
out that age would be a factor that effects on ProM performance. In his study, they found 
that the older adults have the more complaints about their forgetfulness in terms of 
accomplishing deferred tasks [13]. Later, Dobbs and Rule (1987) examined age differences 
in ProM performance [30]. They also found a deficit for older adults (from 70 to 99 years old) 
compared with younger adults (from 30 to 65 years old).  
Taking ProM types into account, Einstein, et al. (1995) pointed out that age effect exists 
on the time-based ProM by comparing old-adults and young-adults. At the same time, they 
stated that there was no age effect on event-based ProM [14]. d’Ydewalle et al. argued 
against their results through a set of experiments [18]. d’Ydewalle (1996) also conducted 
three experiments to test the performance on the time-and the event-based ProM task [16]. 
Unlike Einstein et al. (1995), they found that there was age effects existed in the 
event-based task.  
To address the discrepancy of the event-based ProM, d’Ydewalle et al. (1999) applied 
two types of ongoing activities into their experiments which included answering general 
knowledge questions used by Einstein et al. (1995) and face-identification used by 
dYdewalle et al. (1996) [18]. The answering-questions activity is more complex than 
face-identification because the former requires more execution functions. The result 
showed that old adults’ performance in both the time-and event-based task declined 
regardless of ongoing activities. d’Ydewalle et al. confirmed that age effect exists in both 
the time-and event-based ProM.  
Additionally, Maylor (1996) also conducted experiments to examine the discrepancies. 
She pointed out the difficulty of ongoing activities might be an interference factor to detect 
the age-related difference [4]. In other words, if the difficulty of the ongoing task is 
manipulated in the experiment, it would equate ProM performance between younger and 
older participants, such as Einstein and McDaniel’s (1990) study, in which they controlled 
the older participants’ ongoing task with fewer words in the list of recalled words. Maylor’s 
(1996) experiment asked participants to recognize the face and give response when they 
found the person had a beard. This experiment required the attention shifting from 
face-recognition (one level of processing) to features of face (another level of processing). 
The attention shifting is a process of execution functions. Compared with younger adults, 
older adults have diminished execution functions [31]. Therefore, Maylor (1996) concluded 
that older adults also have deficits in the event-based ProM task which requires execution 
functions.  
Look through the ProM development across the lifespan, compared with young adults, 
children have less developed ProM and older adults have gradually declined in ProM, which 
is attributed to the development of execution functions. These age differences draw an 
inverted U-shaped developmental trajectory across lifespan as replying on measures of the 
execution function [1].  
Conclusions: It is clear that age-related differences in the time-based ProM performance 
is related to internal cues of time monitoring and self-initiated. Age-related differences in the 
event-based ProM depend on some variables of execution functions such as the attention 
shifting from different levels of cognitive processing [4]. Therefore, both the time-based and 
event-based ProM seem to require the executive control processes [3, 32, 33].  
In the laboratory setting, the ongoing task is manipulated by experimenters. Failure of 
adjusting the difficulty of ongoing task across the age groups may lead to confusing and 
contradictory results such as what we mentioned above.  
2.2.3 The Complexity of the Ongoing Task as A Factor  
In laboratory settings, the ongoing task is designed as a background work such as an-
swering a set of questions [14], solving the mathematical or puzzle problems [20], naming a 
set of pictures [16, 18, 22, 4], or playing a computer-based games [23], etc., from which the 
participants need to perform ProM tasks by shifting their attention from the ongoing task.  
Firstly, take a look at some studies of comparing ProM performances between younger 
adults and older adults. In studies of Einstein et al. (1995), the ongoing task requires 
participants to answer a long set of general knowledge and problems-solving questions 
both in the time-based and event-based ProM [14]. d’Ydewalle et al. (1996, 1999) 
employed the paradigm similar to those in Einstein et al. (1995), but face-identification as a 
different ongoing task applied in the paradigm [16, 18]. Similarly, in the study of Maylor 
(1996), the ongoing task was designed as writing down the name of various famous male 
faces [4].  
In the developmental studies of ProM, Nigro et al. (2002) designed their ongoing task as 
solving a series of mathematical operations and puzzles for children. The difficulty of the 
ongoing task was previously adjusted according to the age of the participants both in the 
time-based and event-based ProM [20]. In the study of Kvavilashvili et al. (2001), the 
children aged 4, 5, 7 years were asked to look at four stacks of cards with picture one by 
one and tell the experimenter as accurately as possible what the picture is. The children 
were also told that they can draw one picture for each stack [22]. Kern (2001) employed 
computer-based game in the experiment. The ongoing task required the children aged 7 to 
12 years to play the Cyber Cruiser game, in which the children used a joystick to control a 
car in a road with traffic and hazards [23].  
The naturalistic studies carry out experiments in the real-life environment. The study of 
Somerville et al. (1983) is a pioneer of naturalistic study. In this study, children aged from 2 
to 4 years were given eight ProM tasks in their real life by their mothers. Their mothers also 
observed their ProM performance and acted as an experimenter [21]. Ceci and 
Bronfennbrenner (1985) applied a video game to mimic naturalistic study with a real-life 
scenario. The children were allowed to play the video game, but they needed to remember 
to take the cupcakes out of the oven in a delayed time of 30 minutes [34]. The ongoing task 
of playing the game is very likely to happen in our life. It is the same as watching TV but 
remembering to turn off the oven after certain minutes. In the study of Kvavilashvili and 
Fisher (2007), the participants did what they did daily as usual. They were required to 
remember to make phone calls to the experimenter either at a pre-arranged time or after 
receiving a certain text message on the seventh days of their experiment session [29]. The 
ongoing task was also their real life, in which the ProM task was embedded as making a 
phone call at an intended time.  
The performance of the ongoing task. Most of ProM studies only pay attention on ProM 
performance, whereas the performance on the ongoing task is not reported. For instance, 
Kern (2000) emphasized that the computer-based game of Cyber Cruiser made children 
aged from 7 to 13 years equally engaged in playing, but Kern didn’t analyse the 
performance of ongoing task (game score) to identify the age-related difference. Although 
Nigro et al. (2002) previously adjusted the complexity of the ongoing task (mathematical 
problems and puzzles) according to the class level for the children aged from 7 to 12 years, 
they didn’t report children’s performance on the ongoing task.  
Few studies reported the performance of ongoing task [18, 35, 36]. d’Ydewalle et al. 
(1999), for example, they conducted the experiment by 2 × 2 × 2 design (old vs. young, 
event− vs. time− based task, and low vs. high complexity of the ongoing task). In their 
results, they analysed the ongoing task of both answering questions and face identification. 
Under the condition of answering questions (high complexity), older adults even performed 
better on the ongoing task than younger adults in the time-based  
task, whereas there is no age difference in the event-based task. On the other hand, 
under the condition of face identification (low complexity), younger adults performed better 
on the ongoing task than older adults both in the time-based and event-based task, but the 
age-related difference in the event-based task is not significant. The analysis of interactions 
(ProM and ongoing task; ProM and age; age and ongoing task) suggested that age 
differences in ProM would disappear under some conditions (low complexity of the ongoing 
task) when taking the performance of ongoing task into account [18].  
The study of Rendell et al. (2007) involved the face recognition as the ongoing task, in 
which a target cue “with glasses” or “John” is embedded. The ongoing task was measured 
by the proportion of famous faces correctly named. In experiment 2, the ongoing task was 
slowly paced than in experiment 1. They found that younger participants named a greater 
proportion of faces than the older adults did in both experiment 1 and experiment  
2. More importantly, the finding patterns between experiment 1 and 2 indicated that when 
the ongoing task is less challenging (experiment 2), the older adults performed on ProM as 
well as the younger adults [35].  
Smith et al. (2013) embedded a ProM task in an ongoing color-matching task. They 
manipulated the difficulty of the ongoing task by varying the number of colors, such that 
older adults performed a 4-color version of the color-matching task, while younger adults 
did the 4-color version of color-matching task in one trial and a 6-color one in another trial. 
They found that even if older adults, as well as younger adults, failed to perform the ProM 
task, they performed similarly or better than younger adults on the ongoing task. They also 
stated that emphasizing importance of the ongoing task can improve the ongoing task 
performance [36].  
Conclusions: On the one hand, the studies have already paid attention to the complexity 
of the ongoing task. On the other hand, the studies indicated that the complexity of the 
ongoing task is an important factor to interfere age-related, and type-related differences.  
2.2.4 The Importance of the ProM Task as A Factor  
The existing research supports that the importance of ProM task can affect the ProM 
performance, such that ProM performance would improve when the ProM task makes 
individual to allocate increased attentions [37, 36]. Kliegal et al. (2001), in order to 
understand the importance of ProM task, they conducted two experiments, in which the 
task importance was manipulated. They found that the ProM performance improved with 
the higher importance of the ProM task.  
Smith et al. (2013) study also investigated the effects of the task importance. In this 
study, one group of participants received instructions emphasizing the importance of the 
ProM task (PMI) compared with another group of participants who received instructions 
emphasizing the importance of the ongoing color-matching task (CMI). The results showed 
that participants performed better on the ProM task under the PMI coniditon. More 
interesting, the age-related differences exist in the PMI condition: for younger adults, 
emphasizing the importance of ProM task substantially improve their performance on the 
ProM task and decrease their performance on the ongoing task, whereas older adults in the 
PMI condition slightly improve their ProM performance and kept the same level of 
performance on the ongoing task [36]. In other words, younger adults can vary their 
allocation of resources between the ongoing task and the ProM task as a function of task 
emphasis, whereas old adults are less capable of shifting their attention from the ongoing 
task to the ProM task, and they assumed that the ongoing task is more important for them 
than the ProM task.  
Conclusions: Nonetheless, we clearly understand that emphasizing the importance of 
ProM task improves the ProM performance, although the degree of improvement varies by 
age.  
2.2.5 The Motivation of the ProM Task as A Factor  
Some studies have examined the effect of motivation to the ProM performance, especially 
in the naturalistic study [21].  
The study of Meacham and Singer (1977) was the first one to investigate the motivation 
to ProM. In their study, the participants were instructed to send postcards to the 
experimenter on the rearranged time. They results revealed that the participants who 
expected to receive a reward performed better than those who did not expect to receive a 
reward [38].  
In the study of Somerville et al., (1983), for an example, the children from 2 to 4 years 
old involved in the deliberate ProM activities. They were given 8 different ProM tasks by 
their mothers over a period of 2 weeks. These ProM tasks varied in high motivation level 
such as ”remind me to buy candy at the store” and low motivation level like ”remind me to 
bring in washing”. The results found that even 2-year-old children could recall the ProM 
tasks with 80% successful in remembering high motivation tasks, as well as 4-year-old 
children [21].  
Recently, in order to identify the motivation as an assumed factor for the paradox of 
age-related declines in laboratory compared with age benefits in naturalistic settings, Aberle 
et al. (2010) conducted an experiment, in which participants were instructed to remember to 
contact the experimenter repeatedly over the course of one week. One group has monetary 
incentive and the other group has no incentive. The results showed that young adults in the 
high motivation group overcame their age-related deficits and performed better than those 
in the low motivation group [39]. In other words, increasing the motivation of ProM task can 
improve the ProM performance.  
2.3 ProM Assists  
As mentioned before, ProM is vital for our health and social life. ProM failures produce 
great challenges to people and directly influence their life quality. According to Kliegel and 
Martin (2003), a significant number of 50-80% memory failures are ProM problems [2]. To 
avoid the consequences of ProM failures, people are likely to use memory assists to help 
their remembering, especially for old people [40]. Most studies demonstrated that both 
young and old people benefit from using memory assists (e.g., [12, 41]). Memory assists 
help users to store information or to remind the user an event they might forget [42]. In this 
study, we focus on the reminder function of memory assists relative to ProM, rather than 
the storing function relative to retrospective memory.  
According to Harris (1978), reminders are generally categorized as active or passive 
reminders [43]. Examples of diaries, lists, and calendars are passive reminders which 
require the user to actively check them, whereas google calendar and mobile phone are 
examples of active reminders which attract users’ attention and instruct them when and 
how to perform an intention. ProM reminders vary from traditional way of pen and paper to 
technology-based way of electronic devices. The purpose of designing a ProM reminder 
also varies from specific to generic use. The current study targets on a technology-based 
reminder of generic use, since our ultimate aim is to produce a reminder system with more 
flexible and adaptable features.  
2.3.1 Current ProM Assists  
2.3.1.1 NeuroPage  
Originally, the technology-based memory assists have commonly targeted on cognitively 
impaired people. One of the earliest ProM assist was Neuropage, of which the primary 
users are brain injured patients [44]. Neuropage is very simple with little learning. Users 
enter the schedule information through a paging company, and reminder alerts are sent to 
the user at an appropriate time. These functions ensure NeuroPage is a high usable ProM 
assist. Wilson et al. (1997) evaluated the NeuroPage. The result showed that NeuroPage 
as a ProM assist improved participants (19-66 years old) performance on ProM tasks such 
as remembering to take medicines or pack lunch [45].  
However, according to a study of Caprani et al. (2006), there are two potential functions 
relating to ProM NeuroPage can improve. The first one is the postpone function. The 
second one is the task confirmation function [7]. A user may receive a reminder at an 
unsuitable time, therefore the ProM assist has a better function of task postponement so 
that the user can be reminded at a suitable time when they are available to successfully 
perform the intention. Meanwhile, the caregiver should know whether the intended task has 
been carried out or not. Involving these two functions can improve NeuroPage ability of the 
assistance.  
2.3.1.2 MEMOS (Mobile Extensible Memory Aid System)  
MEMOS is a mobile interactive ProM assist, which was designed for brain injured and older 
users to remind them of essential facts and dates [46]. MEMOS consists two parts of 
personal memory assistant (PMA) and a base station. PMA is a mobile electronic device to 
remind the user of important tasks and provide feedback, and the base station coordinates 
the activities of caregivers and notifies them about feedback of the task execution.  
Walther et al. (2004) evaluated the MEMOS. The participants were patients with head 
injury. The result showed that users performed highest in using PMA from MEMOS 
compared with other electronic memory assists (palm pilot and mobile phone) [47]. MEMOS 
overcomes the major drawbacks of the NeuroPage. It supports caregivers to encode and 
input information, and displays important information for patients to successfully perform the 
task. Furthermore, it allows patients to confirm the task carried out by pressing a button, 
and PMA can detect this information.  
Similar to NeuroPage, the primary users of MEMOS are brain injured patients. The 
research group has recognized its potential ProM assists for healthy older people, and 
planned to extend the system for an application in other field [48].  
2.3.1.3 Memojog  
Memojog was designed as a ProM assist built in a personal digital assistant (PDA) platform 
for memory impaired persons [49]. Memojog consists three components of PDA, the central 
sever, and the web-based database. User, caregiver, or care professional can input the 
users schedule and action prompts in the PDA or web-based database. The user can 
accept, postpone or ignore the reminder. The caregiver and care professional can acquire 
the user’s response by data transmitted to the central server. Memojog also has multiple 
functions of storing personal information for the user.  
Memojog system was evaluated with a group of old adults and memory-impaired users 
[50]. There were two field evaluations comprising of 6 participants in each evaluation 
(different participants in each evaluation). The results showed that the participants were 
happy with the Memojog system and could use it easily. Users appreciated the system 
reminded their intended tasks accurately.  
However, the participant also gave some negative comments such as coverage problem 
of the inability to connect to the relevant website for changing or updating their schedule, 
and some hardware-related problems, e.g., the touch screen was not sensitive [50].  
2.3.1.4 Google Calendar  
Both paper-based and electronic-based calendar are used. Paper-based calendars have a 
few limitations associated with their use, such as no alerts, forgetting to look at it and no 
enough space. Electronic-based calendar, such as Google Calendar, is an alternative 
solution to overcome these limitations. Google Calendar not only provides email reminders 
and pop-up reminders, but also enables users to link their calendar with their mobile 
phones. Users can set how far in advance of the task and how many reminders, which 
enable users to setup the system according to their personal needs [51]. Google calendar is 
also a simple system to use, such as clicking on the box corresponding to the appropriate 
date and time to create an event, filling the key words in the blank to set up what the event 
is.  
McDonald et al. (2011) evaluated the effectiveness of Goolge Calendar by comparing the 
standard diary use. The results showed that the participants (19-65 years old) completed 
more intentions when their using Google Calendar than when their using standard diaries. 
In other words, Google calendar is more effective than the diary to support people to 
achieve their ProM tasks. They also found that Google Calendar was rated higher than the 
standard diary in assist preference. Compared to the diary, Google Calendar reduces the 
need for monitoring by alerting the participants to complete the events; the active reminder 
(linking to mobile phone) reduces the need for actively or frequently checking the calendar. 
Therefore, Google Calendar appeared to support the retrieval of ProM tasks, and maximize 
the probability that ProM tasks can be carried out within the necessary response window 
[51].  
However, the participants in McDanald et al. (2006) complained that they finally failed in 
the task execution even if they noticed a timed reminder to perform a task. The main reason 
is that the reminder issued at users’ unavailable time, but reminders cannot interact with 
users to update the reminders in real-time.  
2.3.1.5 AutoMinder  
Autominder is one of the most advanced technological reminder systems, which assists a 
broad population such as older adults in general [52]. The purpose of Autominder is to help 
the older adults live perfectly in their home environment. Compared to the previous ProM 
assists, Autominder has the ability to model user’s daily plans, track user’s task execution 
through the behaviors detected by the sensors at home, and make decisions about whether 
and when to issue reminders [52].  
Autominder has three main components [52]. The first component is Plan Manager, which 
is responsible for storing user’s initialized daily plan and updating the user’s plan as the day 
progresses to avoid the inconsistent/conflicting activities. The second component is Client 
Modeler, which is responsible for monitoring the execution of the user’s plan through the 
information of observable behaviors, as well as knowledge of whether and when any 
reminders were issued. The third component is Personalized Cognitive Orthotic, which is 
responsible for deciding what and when to issue the reminder. These three components 
illustrate Autominder’s main functions. Its impressive abilities provide older adults a 
intelligent and smart living home.  
However, according to Caprani et al. (2006), the sensors and observable information 
are not always reliable, which may result in assumption failures. Assumption failures 
decrease the reliability of reminders. Furthermore, the old users may be afraid of intelligent 
technology, for example, they may feel wary of a mobile robot and sensors working at home 
[7].  
2.3.2 Comparisons of ProM Assists  
Based on a review paper [7], we list functions and memory supports of several electronic 
ProM assists.  
Each memory assist has their evaluation studies to support their effective use of helping 
users to execute prospective tasks. From the review above, they have their own 
advantages and limitations. We compare their relevance on each stage of ProM theory: 1) 
intention formation: All of them support encoding, as they require users to form intentions. 
Some of them provide voice inputs (e.g., MEMOS, Autominder). 2) intention retention: All of 
them support short or long term delays, unlike the retention time in  
 
Table 2.1: Comparisons of ProM Assists  
human memory which is limited. However, most of them are restricted to the time-based 
ProM, and only Autominder supports both time-based and event-based ProM. 3) intention 
initiation: All of them can trigger user’s intentions to reduce the need for monitoring. 4) 
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Chapter 3 Our ProM Reminder System  
3.1 Introduction  
Based on the literature review in chapter 2, we find that 1) support all stages of the process 
model [3], and 2) meet the requirement of ProM components (e.g., planning, monitoring, 
content recall). However, part of prospective tasks is still not carried out successfully are 
mainly due to the reminder issued at users’ unavailable time and the reminder system 
failing in reminding.  
Some ProM assists can provide multiple reminders, such as Google Calendar and users 
can increase the number of reminders by manually changing the setting. Increasing the 
number of reminders is a solution to increase probability of reminders issued at a user’s 
available time. In this case, how many reminders should be issued to a user? One time 
reminder is not enough to guarantee the completion of a ProM task. Too many reminders 
may lead to annoyance.  
We are motivated to investigate how many reminders should be present for a specific 
ProM task which has not been addressed by existing approaches. Spontaneously, the 
question of when to remind arises because reminders are issued between the time of 
starting the reminder and the time of executing the ProM task. Being back to the reminder, 
the nature of it is a deliberated cue for a ProM task. So the third question is how to make 
this cue (reminder) salient, and highly associated with the ProM task.  
Therefore, we propose to develop a reminder plan to solve these three questions. In the 
following we explain the three outcomes of this reminder plan including the optimal number 
of reminders, the optimal reminding schedule, and the optimal reminding way.  
1 The optimal number of reminders depends on factors which have effects on the ProM 
performance. Although Autominder, Client has an optimization function which reason 
the user’s behavior patterns to decide whether and when to remind, the observable 
information is not always reliable. Particularly for old people, advanced and intelligent 
technology has already made them to feel uncomfortable and unsafe. Even worse, 
assumption failures could cause confusion and apprehension [7]. Therefore, the 
optimal number of reminders determined by the inputs of factors should avoid system 
assumption failures and annoyances of redundant reminders.  
2 The optimal reminding schedule decides when to issue reminders before the ProM task. 
The first factor is users’ assumption of how long they will be ready for the intended 
task. For example, you have a meeting at 2:00 PM in auditorium. You are planning to 
work at office before the meeting. If you assume it will take you 30 minutes to get to 
auditorium, it is more likely that you setup the reminder at 1:20 PM. If you assume it 
will take you only 5 minutes to get there, it is more likely that you setup the reminder 
at 1:50 PM. The second factor is retention intervals of the ProM task, because 
intervals range from hours to months. Even if there are multiple reminders for a ProM 
task which needs to be executed 7 days later, you don’t want to receive reminders 
from today. The third factor is users’ current location and situation. For example, if 
you setup the reminder at 1:30 PM for the  
2:00 PM meeting, actually, the time cost on distance between the meeting place and 
your current place is much longer than 30 minutes. In this case, we proposed to 
adjust the reminding schedule earlier according to the actual location-based time cost.  
26 3 The optimal reminding way. The nature of reminder is a deliberately created cue. 
Several studies support that cues strongly associated with the intention can produce 
effectively retrieval [53, 54]. Reminders with simple alarms/alerts cannot support the cue 
strongly associate with a specific ProM task. Users may encounter confusion if all ProM 
tasks are reminded by the same sound, especially when visual reminders are unavailable 
or unreachable. Our reminder system can understand the type of the ProM task (e.g., 
doctor appointment) to produce high associated reminders.  
At the same time, because of the interplay between the ProM task and the ongoing task, 
we also propose that our reminder system should understand the setting of the ongoing 
task. For example, when you are engaging in an important meeting and you have a doctor 
appointment 30 minutes later, normally you don’t want to be reminded loudly which is 
interruptive. In office-based environment, users are more likely to use text-based reminders, 
such as pop-up windows.  
However, how to remind is also an intricate question which is concerned with not only 
the nature of ProM task and the environmental context, but also individual differences. 
Some users prefer the audio reminder so as to make sure it is heard. Some users with 
cognitive impairment may hope the reminder with a picture. The thought of how to remind is 
consistent with the appeal of reminder systems requiring human factor analysis [7].  
After generating the reminder plan, we propose a ProM agent to implement the plan. 
First, in our ProM agent, the reminder as a target cue appears at the initiation stage. 
Meanwhile, the reminder plan is also encoded and maintained in storage with the intended 
task together, waiting for the moment to be issued. Second, the ProM agent issues the 
reminders, and determines the next step based on the user’s response to the reminder. 
Finally, the ProM agent supports updates before and after the reminding process.  
Finally, ProM assists should be adaptive. Through observing the user’s behaviors, the 
system can reason and determine whether and when to issue a reminder to users. We 
propose to develop a personalized user model to observe the user’s behaviors, learn the 
user’s preferences for each feature of the reminder plan and adapt the reminder plan to 
meet the personal preferences as much as possible.  
The current study targets on a technology-based reminder of generic use, since our 
ultimate objective is to produce a reminder system with more flexible and adaptable 
features.  
3.2 Key Ideas for Developing Our Reminder System  
The research problems we discussed above need to be addressed on a level of theory, 
model and practical knowledge based on analysis of the relevant psychological theories 
and limitations of currently used reminder systems. To design our reminder system, firstly, 
we overcome the limitations of the existing ProM assists and learn from their advantages. 
Secondly, we develop a computational reminder model based on the ProM theories. Thirdly, 
we incorporate and reason the factors which potentially influence the ProM performance.  
3.2.1 Ideas from Existing ProM Assists  
Google Calendar is one of the most popular memory assists. It is welcomed by large 
population with its easy learn and simple use. However, according to McDonald et al. 
(2011), participants still failed in some prospective activities in their everyday life even if 
they used the Google Calendar [51]. As we discussed above, Google calendar as a mem-
ory agent supports memory processes of encoding, retention, and retrieval. However, in 
daily life, there are various situations when receiving a reminder at an inappropriate time, 
such as the busy situation of meeting. The users cannot carry out the intended  
task at that time. They hope they can do it later. Therefore a reminder would benefit from a 
function of postponement so that the users can be reminded at a time when they are 
available. At the same time, when current situation such as location requires more time to 
be ready for the ProM task, the reminder would be adjusted earlier than before. 
Unfortunately, Google Calendar does not provide the function of adjustment the reminders 
synchronously according to the current situation. The advanced reminder system 
-Autominder, although it has adaptive feature, it lacks the stage of users’ encoding. The 
observable information is not always reliable, and system assumption failures could cause 
confusion and apprehension to users [7].  
Our reminder system has the features of reliability, optimality and adaptivity to meet 
each individual’s requirements as much as possible.  
3.2.2 A Computational Model Developed from ProM Theories  
With research of ProM gradually growing, several theories have been developed to explain 
the processes and components involved in ProM. The process model [3] claimed that there 
are four stages in ProM: 1) formation, 2) retention, 3) initiation, and 4) execution. At the 
same time, Dobbs and Reeves (1996) have developed a model of six components: 1) 
metaknowledge, 2) planning, 3) monitoring, 4) content recall, 5) compliance, and 6) 
awareness of output. These models explain what ProM processes are and how cognitive 
demanding is. Altering the nature of the ProM task can consequently alter the component 
necessary to implement the task. For instance, setting an active reminder accompanying 
with an alert could eliminate the necessary stage of monitoring [55]. The reminder system 
can reduce the ProM load by helping users to remember intentions (It acts as a memory 
agent). Therefore, it is important to understand the nature of ProM for developing an 
effective and reliable reminder system.  
We propose that our reminder system could help users to plan and organize the 
information clearly. In the encoding (the same as formation) stage, our reminder system 
requires user input information to avoid the unreliability. However, the system provides the 
salient and distinctive categories to fill in (e.g., what, when, where, who) so that users can 
consequently receive cues that highly related to the prospective task. Uniquely, this system 
encodes the optimal number of reminders, the optimal reminding schedule, and the optimal 
reminding way. In the retention stage, the system can update the information according to 
user responses. For examples, the system will set the number of reminders null when users 
accept the task; the system will maintain the number of reminders and issue reminders later 
when users postpone the task. The initiation stage is the most important one since people 
with ProM problems mainly fail to initiate the intention at the appropriate moment [6]. 
Especially, maintaining the monitoring is more demanding of cognitive resources. A 
reminder system initiates the task and issues a reminder to users at an appropriate time, 
which perfectly substitutes human’s time-monitoring or cue-capturing. Definitely, our system 
is capable of eliminating the necessity of the human initiation stage. In the execution stage, 
if the system detects a response of accepting from terminal, it assumes that the user is 
carrying out the task. Ideally, users who have cognitive impairment should receive the 
step-by-step guidelines to ensure that the task will be successfully executed. Our system 
considers this function for users with cognitive impairment.  
3.2.3 Incorporate and Reason Factors Affecting the ProM Performance  
From the literature review, whether in laboratory or naturalistic settings, we know that 
various factors that influence the ProM performance, such as the type (time-based vs. 
event-based), the user’s age, the complexity of the ongoing task, the importance and 
motivation of the ProM task. Some factors are negatively relative to the ProM performance, 
for example, participants’ performance is better when they are involved in simple problems 
than they are involved in complex problems [17, 18]. The others, like the importance of the 
ProM task, are positively related to the ProM performance. A lot of studies demonstrated 
that participants performed better on the ProM task if the importance of the ProM task 
emphasized [37, 36]. So far, we have no computational model to incorporate all these 
factors into a memory agent.  
In daily life, the situation and the context of ProM is variable and flexible.generally, No 
factor can guarantee the success of prospective tasks. However, we can maximize the 
probability of the ProM completion as much as possible. Meanwhile, we can set the optimal 
number of reminders to obliterate redundance. Consequently, we can achieve a reliable 
and optimal reminder system. Therefore, we firstly need to incorporate relevant factors into 
the reminder system, and then work out the weight of each factor. Finally, we use relevant 
principles to calculate the optimal number of reminders, the optimal reminding schedule, 
and the optimal reminding way.  
3.3 Implementation of Our Reminder System  
Our reminder system includes three components: the reminder planer, the ProM agent, and 
the personalized user model (see Figure 3.1). The reminder planer is responsible for 
producing the reminder plan according to potential factors on ProM. The ProM agent is 
responsible for encoding the task and the plan, maintaining the task and the plan, initiating 
the task, and performing the task, where reminders are triggered and issued at the initiation 
stage. The personalized user model is responsible for adapting the reminder plan according 
to human-system interactions. In the following sections we discuss the detailed 
implementation of each component.  
3.3.1 Modeling of the Reminder Planer  
The reminder planer is designed for producing the reminder plan according to potential 
factors on ProM. The optimal number of reminders, the optimal reminding schedule, and  
Figure 3.1: The Reminder System Model  
 
the optimal reminding way are produced from different functions. In the following, we show 
knowledge representations and the implementation of each function.  
Figure 3.2: The Reminder Planer  
The reminder planer has three functions. The first function is to compute the optimal 
number of reminders. The second function is to compute the optimal reminding schedule. 
 
The third function is to compute the optimal reminding way (see Figure 3.2).  
Function -The optimal number of reminders: The Pn(Com, Imp, Mot, Age) is used to 
compute the optimal number of reminders. This function includes four variables: the 
complexity of the ongoing task, the importance of the ProM task, the motivation of the ProM 
task, and the user’s age. The possible values for the first three variables are low, medium, 
and high. The value of the last variable can be either young or old. Each variable has an 
associated weight to influence the ProM performance. Therefore, we apply the weighted 
average method to calculate the optimal number of reminders.  
Now we formally define the variables and the implementation of this function. The 
variables are:  
• Remind num is the optimal number of reminders;  
• Com is the complexity of the ongoing task;  
• Imp is the importance of the ProM task;  
• Mot is the motivation of the ProM task;  
• Age is the user’s age;  
• The value of Com, Imp, and Mot, is Low, Medium, or High correspondingly denoted 
by L, M, or H;  
• The value of Age is young or old, correspondingly denoted by y and o;  
• W = {w1,w2,w3,w4} // W is a set of the weights corresponding to each variable in Pn;  
• T = {t1,t2,t3,t4} // T is a set of the numbers of reminders corresponding to each 
variable in Pn;  
 
Variable Com Imp Mot Age  
Input LMH LMH LMH LMH Ww1 w2 w3 w4 Tt1 t2 t3 t4  
Table 3.1: The number of reminders corresponding to each variable in Pn  
Now we define the implementation of the function Pn(Com, Imp, Mot, Age).  
Pn (Com, Imp, Mot, Age)  
{ constant nL,nM ,nH ,ay,ao;  
Principles:  
{ if (Com == L), then t1 = nH ;  
if (Com == M), then t1 = nM ;  
if (Com == H), then t1 = nL;  
The same principles to Imp, and Mot;  
if (Age == y), then t4 = ay;  








Remind num = �4 ; i=1 
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Return Remind num;  
}  
Function -The optimal reminding schedule:  
Pt(Loc, Rem, W he, Remind num), this function is to produce the optimal reminding 
schedule, which consists of each reminding time. The optimal reminding schedule is 
distributed from the time of the first reminder to the time of executing the ProM task.  
The reminder’s starting time is mainly determined by user’s expectation. But if the 
location-based time cost is more than interval between the time of the ProM task and the 
user’s expectation of the reminder’s starting time, we adjust the reminding schedule earlier 
by adding the time cost into the interval.  
Now we formally define the variables and the implementation of this function. The  
variables are:  
• Loc is the place of the ProM task;  
• Rem is the user’s input of the first reminder’s time;  
• W he is the execution time of the ProM task;  
• R = {r1,r2,r3, ··· ,rn}; // R is a set of reminding time  
• Curr loc is defined as the user’s current location;  
• Dis is defined as the distance between Curr loc and Loc;  
• T ime cost is defined as the time need to reach Dis;  
 
Now we define the implementation of the function Pt(Loc, Rem, W he, reminder num). 
Pt (Loc, Rem, W he, Remind num) { R distributed on [Rem, W he];  
The number of r is Remind num; Interval = W he -Rem; Principles: { if (T ime cost 
more than Interval), then  
Rem = W he -(T ime cost + Rem);  
}  
interval = W he -Rem; update R;  
}  
Please note that T ime cost is calculated according to the travel speed (walk: 5km/hour; 
car: 60km/hour). For example, if Dis is 2.5 km and by walking, then T ime cost is 30 
minutes.  
Function -The optimal reminding way:  
Ph(Com, Imp, Mot, Age, T yp), this function is similar to the function Pn for computing. 
The optimal reminding way is computed by using the weighted average method. Besides 
the four variables in determining the optimal number of reminders, it also includes another 
variable -the type of the ProM task to determine the reminding way. The input of each 
variable produces the corresponding way of reminding. Differently, the input of the task type 
is classified by personal, financial, social, or work, which also correspondingly links to the 
reminding way.  
Now we formally define the variables and the implementation of this function. The 
variables are:  
• Remind way is the optimal reminding way;  
• T yp is the type of the ProM task;  
• The value of Com, Imp, Mot is defined as Low, Medium, or High, correspondingly 
denoted by L, M, or H;  
• The value of Age is defined as young or old, correspondingly denoted by y and o;  
• The value of T yp is defined as Personal, Finance, Social, and Work, 
correspondingly denoted by per, fin, soc, and wor;  
• How = {h1,h2,h3,h4,h5} // How is a set of reminding ways (visual vs. audio, long vs. 
short, or music vs. ring) corresponding to each variable in Ph;  
• W = {w1,w2,w3,w4,w5} // W is a set of weights corresponding to each variable  
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Table 3.2: The reminding way corresponding to each variable in Ph  
The function Ph (Com, Imp, Mot, Age, T yp) can be defined using the following pseu-
docode.  
{ constant tp,tf ,ts,tw,ay,ao,hL,hM ,hH ; Principles: { if (Com == L), then h1 is hH ;  
if (Com == M), then h1 is hM ; if (Com == H), then h1 is hL; The same principles to Imp, 
and Mot; if (Age == y), then h4 is ay; if (Age == o), then h4 is ao; if (T yp == per), then 
h5 is tp; if (T yp == fin), then h5 is tf ; if (T yp == s), then h5 is ts; if (T ye == w), then h5 







Remind way = 5 ; i=1 
w
i  
Return Remind way;  
}  
3.3.2 Modeling of the ProM Agent  
The ProM agent performs the following activities: encoding the task and the plan, main-
taining the task and the plan, initiating the task, and performing the task, where re 
minders are triggered and issued at the initiation stage (see Figure 3.3).  
Figure 3.3: The Prospective Memory Agent  
(i) Encoding: The encoding consists of five variables, denoted by T ask = En(Remind num, 
Remind sche, Remind way, W ha, P er), where:  
• W ha is the title of the ProM task,  
• P er is the person relative to the ProM task,  
 
 
Remind num, Remind sche, Remind way, W ha, and P er are encoded in the ProM 
agent.  
(ii) Maintaining: Remind num, Remind sche, Remind way, W ha, and P er are maintained in 
the ProM agent, and waiting for triggering or updating reminders. This stage accepts  
updates according to users’ requirements. It also delivers these updates to the original 
inputs of the task.  
(iii) Initiating:  
• Acc and pos are defined as user’s responses to the reminder,  
• R delay is defined as how long the reminder to be delayed,  
• Reminding(Remind way) is defined as the function to issue the reminder 
accompanying with the way (visual or audio, long or short, music or ring)  
• Curr time is defined as the current time;  
 
PSEUDOCODE:  
{ Acc = 0; P os = 0; R delay = 0; Reminding(Remind way); i = 0; while ( i < Remind 
num ) { if (Curr time == ri)  
{ Reminding(Remind way);  
if ( P os ) then //update the Reminding schedule { update(R delay); goto Retention; } if 
( Acc ) then // stop reminders { Remind num = 0;} i++;  
} } }  
Please note that the event-based ProM task refers to performing the task by an event. The 
ProM agent can involve part of the events (e.g., location, person). Two examples illustrate 
how to initiate event-based ProM tasks: if the user’s current location (GPS) is the task 
location, the system starts to issue reminders, or if the user is calling somebody (in 
contacts), the system starts to issue reminders.  
 
Chapter 4 Conclusions and Future Work  
4.1 Conclusions  
We propose to develop a new reminder system to improve the ProM performance. We draw 
lessons from the existing reminder systems by learning their strengths and overcoming their 
limitations. At the same time, we analyze the mechanisms of ProM and follow the ProM 
theory. In this context, our reminder system has been developed with three components: 
the reminder planer, the ProM agent, and the personalized user model. The reminder 
planer is responsible for producing the reminder plan according to potential factors on ProM. 
The ProM agent is responsible for encoding the task and the plan, maintaining the task and 
the plan, initiating the task, and performing the task, where reminders are triggered and 
issued at the initiation stage. The personalized user model is responsible for adapting the 
reminder plan according to human-system interactions.  
To realize the functions of different components of our new reminder model, a series of 
principles and algorithms are presented in our report. Four potential factors (the complexity 
of the ongoing task, the importance of the ProM task, the motivation of the ProM task, and 
user’s age) that influence the ProM performance determine the optimal number of 
reminders. The environmental factors such as the locations of the ProM task and the 
current task, the objective factor of the user’s initial expectation of the reminder’s starting 
time, and the optimal number of reminders determine the optimal reminding schedule. 
Besides the four factors in determining the optimal number of reminders, another factor (the 
type of the ProM task, such as personal, work, health, or finance) also determines the 
reminding way. The reminders strongly associated with the ProM task type make users 
retrieve the intention successfully as much as possible. In summary, the three components 
of the reminder planer, the ProM agent, and the personalized user model constitute our 
reminder system, which ensures system reliability, and make system optimal and adaptive.  
4.2 Future Work  
We build a reminder model to generate the optimal number of reminders, the optimal re-
minding schedule, and the optimal reminding way. These results depend on formulating 
and optimizing a series of factors, such as the user’s age, ongoing tasks, the environmental 
context, and individual differences. Although these factors have been identified to influence 
the ProM performance and we have known how they influence the ProM performance, we 
still need to figure out the weight of each factor. Similarly, we also need to figure out the 
distribution of reminders between the time of starting the reminder and the time of 
performing the ProM task. These results would help to achieve the optimal reminder plan, 
which maximizes the probability of remembering to perform the prospective task and 
minimizes the potential annoyance.  
Meanwhile, we propose the user model to learn the user’s behaviors and preferences 
for each feature of reminding, and mediate on the reminder plan to meet the user’s 
preferences as much as possible. We are going to integrate machine learning techniques 
such as reinforcement learning and supervised learning into study to make our reminder 
system adaptive in the future.  
 
References  
[1] M. Kliegel, M. A. McDaniel, and G. O. Einstein, “Prospective memory: Cognitive, 
neuroscience, developmental, and applied perspectives,” in New York, NY: Taylor & 
Francis Group, 2008.  
[2] M. Kliegel and M. Martin, “Prospective memory research: Why is it relevant?” in 
International Journal of Psychology, vol. 38, 2003, pp. 193–194.  
[3] M. Kliegel, M. Martin, M. A. McDaniel, and G. Einstein, “Complex prospective memory 
and executive control of working memory: A process model,” in Psychologische 
Beitrage, vol. 44, 2002, pp. 303–318.  
[4] E. A. Maylor, “Age-related impairments in an event-based prospective memory task,” 
in Psychologische Beitrage, vol. 11, 1996, pp. 74–78.  
[5] M. Kliegel, M. Martin, M. A. McDaniel, and G. Einstein, “Aging and forgetting in 
prospective and retrospective memory tasks,” in Psychology and Aging, ser. 3, vol. 8, 
1993, pp. 420–428.  
[6] L. Wang, M. Altgassen, W. Liu, W.and Xiong, C. Akgun, and M. Kliegel, “Prospective 
memory across adolescence: The effects of age and cue focality,” in Developmental 
psychology, ser. 1, vol. 47, 2002, p. 226.  
[7] N. Caprani, J. Greaney, , and N. Porter, “A review of memory aid devices for an 
ageing population,” in PsychNology Journal, ser. 3, vol. 4, 2006, pp. 205–243.  
[8] J. Ellis and L. Kvavilashvili, “Prospective memory in 2000: Past, present, and future 
directions,” in Applied Cognitive Psychology, ser. s1-9, vol. 14, 2000.  
[9] A. R. Dobbs and M. B. Reeves, “Prospective memory: More than memory,” in 
Prospective memory: Theory and applications, 1996, pp. 199–221.  
[10] J. Ellis, “Prospective memory or the realization of delayed intentions: A conceptual 
framework for research,” in Prospective Memory: Theory and Applications, 1996, pp. 
1–22.  
[11] P. G. Knight, “Memory in neurodegenerative disease: Biological, clinical, and cognitive 
perspectives,” in New York: Cambridge University Press, 1998, pp. 172–183.  
[12] G. O. Einstein and M. A. McDaniel, “Normal aging and prospective memory,” in Journal 
of Experimental Psychology: Learning, Memory, and Cognition, vol. 16, 1990, pp. 
717–726.  
[13] F. I. M. Craik, “Journal of experimental psychology: Learning, memory, and cognition,” 
in Human Memory and cognitive capabilities: Mechanisms and performances. 
Amsterdam: Elsevier, 1996, pp. 409–422.  
[14] G. O. Einstein, M. A. McDaniel, S. L. Richardson, M. J. Guynn, and A. R. Cunifer, 
“Aging and prospective memory: examining the influences of self-initiated retrieval 
processes,” in Journal of Experimental Psychology: Learning, Memory, and Cognition, 
ser. 4, vol. 21, 1995, pp. 996–1007.  
[15] A. J. Sellen, G. Louie, J. E. Harris, and A. J. Wilkins, “What brings intentions to mind? 
an in situ study of prospective memory,” in Memory, vol. 5, 1997, pp. 483–507.  
[16] G. dYdewalle and E. Brunfaut, “Are older subjects necessarily worse in prospective 
memory tasks? in j. georgas and m. manthouli and e. besevegis and a. kokkevi (eds.),” 
in Contemporary psychology in Europe: Theory, research, and applications, 1996b, pp. 
161–172.  
[17] G. dYdewalle, S. Utsi, and E. Brunfaut, “Time-and event-based prospective memory as 
a function of age: The importance of on-going concurrent activities. leuven, belgium. 
(psych. rep. no. 201).” in Leuven, Belgium: Katholieke Universiteit Leuven, Laboratory 
of Experimental Psychology, 1996a.  
[18] G. dYdewalle, K. Luwel, and E. Brunfaut, “The importance of on-going concurrent  
activities as a function of age in time-and event-based prospective memory,” in 
European Journal of Cognitive Psychology, ser. 2, vol. 11, 1999, pp. 219–237.  
[19] G. d’Ydewalle, D. Bouckaert, and E. Brunfaut, “Age-related differences and complexity 
of ongoing activities in time-and event-based prospective memory,” in The American 
journal of psychology, 2001.  
[20] G. dYdewalle, K. Luwel, and E. Brunfaut, “Preliminary remarks on type of task and 
delay in childrens prospective memory,” in Perceptual and Motor Skills, vol. 95, 2002, 
pp. 515–519.  
[21] S. C. Somerville, H. M. Wellman, and J. C. Cultice, “Young childrens deliberate 
reminding,” in Journal of Genetic Psychology, vol. 143, 1983, pp. 87–96.  
[22] L. Kvavilashvili, D. Messer, and P. Ebdon, “Prospective memory in children: The 
effects of age and task interruption,” in EDevelopmental Psychology, vol. 37, 2001, pp. 
418–430.  
[23] K. A. Kerns, “The cybercruiser: An investigation of development of prospective memory 
in children,” in Journal of the International Neuropsychological Society, vol. 6, 2000, pp. 
62–70.  
[24] R. Mackinlay, M. Kliegel, and T. Mantyla, “Predictors of time-based prospective 
memory in children,” in Journal of Experimental Child Psychology, vol. 102, 2009, pp. 
251–264.  
[25] N. R. Guajardo and D. L. Best, “Do preschoolers remember what to do? incentive and 
external cues in prospective memory,” in Cognitive Development, vol. 15, 2000, pp. 
75–97.  
[26] M. Kliegel and T. Jager, “The effects of age and cue-action reminders on event-based 
prospective memory performance in preschoolers,” in Cognitive Development, vol. 22, 
2007, pp. 33–46.  
[27] ——, “External retrieval cues facilitate prospective remembering in children,” in Journal 
of Educational Research, vol. 73, 1980, pp. 299–301.  
[28] M. C. Passolunghi, M. A. Brandimonte, and C. Cornoldi, “Encoding modality and 
prospective memory in children,” in International Journal of Behavioral Development, 
vol. 18, 1995, pp. 631–648.  
[29] L. Kvavilashvili, F. E. Kyle, and D. J. Messer, “The development of prospective memory 
in children: Methodological issues, empirical findings and future directions,” in M. 
Kliegel and M. A. McDaniel and G. O.Einstein (Eds.),Prospective memory: Cognitive, 
neuroscience, developmental,and applied perspectives, 2007, pp. 113–140.  
[30] A. R. Dobbs and B. G. Rule, “Prospective memory and self-reports of memory abilities 
in older adults,” in Canadian Journal of Psychology, vol. 41, 1987, pp. 209–222.  
[31] P. D. Zelazo, F. I. M. Craik, and L. Booth, “Executive function across the life span,” in 
Acta Psychologica, vol. 115, 2004, pp. 167–184.  
[32] M. Martin, M. Kliegel, and M. A. McDaniel, “The involvement of executive functions in 
prospective memory performance of adults,” in International Journal of Psychology, vol. 
38, 2003, pp. 195–206.  
[33] R. West and R. Bowry, “Effects of aging and working memory demands on prospective 
memory,” in Psychophysiology, ser. 6, vol. 42, 2005, pp. 698–712.  
[34] S. J. Ceci and U. Bronfenbrenner, “Dont forget to take the cupcakes out of the oven 
prospective memory, strategic time-monitoring, and context,” in Child Development, vol. 
56, 1985, pp. 152–164.  
[35] P. G. Rendell, M. A. McDaniel, R. D. Forbes, and G. O. Einstein, “Age-related effects in 
prospective memory are modulated by ongoing task complexity and relation to target 
cue,” in Aging, Neuropsychology, and Cognition, ser. 3, vol. 14, 2007, pp. 236–256.  
[36] R. E. Smith and R. R. Hunt, “Prospective memory in young and older adults: The  
effects of task importance and ongoing task load,” in Aging, Neuropsychology, and 
Cognition, ser. 4, vol. 21, 2013, pp. 411–431.  
[37] M. Kliegel, M. Martin, M. A. McDaniel, and G. O. Einstein, “Varying the importance of a 
prospective memory task: Differential effects across time-and event-based prospective 
memory,” in Memory, ser. 1, vol. 9, 2001, pp. 1–11.  
[38] J. A. Meacham and J. Singer, “Incentive effects in prospective remembering,” in 
Journal of Psychology, vol. 97, 1977, pp. 2191–197.  
[39] I. Aberle, R. P. G., N. S. Rose, M. A. McDaniel, and M. Kliegel, “The age prospective 
memory paradox: Young adults may not give their best outside of the lab,” in 
Developmental Psychology, vol. 46, 2010, pp. 1444–1453.  
[40] J. E. Harris, “Remembering to do things: A forgotten topic. in j.e.harris and p.e. morris 
(eds.),” in Everyday memory, actions and absent-mindedness, 1984, pp. 71–92.  
[41] N. Kapur, E. L. Glisky, and B. A. Wilson, “). external memory aids and computers in 
memory rehabilitation,” in The essential handbook of memory disorders for clinicians, 
2004, pp. 301–321.  
[42] P. D. Zelazo, F. I. M. Craik, and L. Booth, “Memory aids and techniques,” in Purchasing 
and Supply Agency, 2005.  
[43] J. E. Harris, “External memory aids,” in Practical aspects of memory, 1978, pp. 
172–179.  
[44] H. N. and L. Treadgold, “The rehabilitation of memory dysfunction by prosthetic 
memory aid cueing,” in Neurorehabilitation, vol. 4, 1994, pp. 187–197.  
[45] B. A. Wilson, J. J. Evans, H. Emslie, and V. Malinek, “Evaluation of neuropage: A new 
memory aid,” in Journal of Neurology, Neurosurgery and Psychiatry, vol. 63, 1978, pp. 
113–115.  
[46] H. Schulze, “Memos: an interactive assistive system for prospective memory deficit 
compensation-architecture and functionality,” in ACM SIGACCESS Accessibility and 
Computing, 2006, pp. 79–85.  
[47] K. Walther, H. Schulze, and A. Thoene-Otto, “An interactive memory aid designed for 
patients with head injury: Comparing memos with two commercially available 
electronic memory aids. poster,” in First Congress of the European Neuropsychological 
Societies, vol. 63, 2004, pp. 113–115.  
[48] A. J. Thone-Otto and H. Schulze, “Memos: Mobile extensible memory & orientation 
system,” in Telemedicine Journal & e-Health, ser. 3, vol. 10, 2004, pp. 233–242.  
[49] A. Szymkowiak, K. Morrison, P. Shah, P. Gregor, J. Evans, A. Newell, and B. Wilson, 
“Memojog -an interactive memory aid with remote communication,” in The Workshop 
on Universal Access and Assistive Technology (CWUAAT), Cambridge, UK, 2004.  
[50] K. Morrison, A. Szymkowiak, and P. Gregor, “Memojogan interactive memory aid 
incorporating mobile based technologies,” in TMobile Human-Computer 
Interaction-MobileHCI, 2004, pp. 481–485.  
[51] A. McDonald, C. Haslam, P. Yates, B. Gurr, G. Leeder, and A. Sayers, “Google 
calendar: A new memory aid to compensate for prospective memory deficits following 
acquired brain injury,” in Neuropsychological rehabilitation, ser. 6, vol. 21, 2011, pp. 
784–807.  
[52] M. E. Pollack, L. Brown, D. Colbry, C. E. McCarthy, C. Orosz, and B. e. a. Peintner, 
“Autominder: An intelligent cognitive orthotic system for people with memory 
impairment,” in Robotics and Autonomous Systems, ser. 3, vol. 44, 2003, pp. 273–282.  
[53] M. A. McDaniel, M. J. Guynn, G. O. Einstein, and J. Breneiser, “Cue-focused and 
reflexive-associative processes in prospective memory retrieval,” in Journal of 
Experimental Psychology: Learning, Memory, and Cognition, ser. 3, vol. 30, 2004,  
p. 605.  
[54] ——, “An investigation into the resource requirements of event-based prospective 
memory,” in Memory & Cognition, ser. 2, vol. 35, 2007, pp. 263–274.  
[55] N. Caprani, N. Porter, and J. Greaney, “Methods used to predict older adult use of 
technology mediated memory aids,” in Workshop Proceedings, ser. 2, vol. 35, 2004, 
pp. 263–274.  
[56] H. Yu, Z. Shen, and C. Miao, “A goal-oriented development tool to automate the 
incorporation of intelligent agents into interactive digital media applications,” 
Computers in Entertainment (CIE), vol. 6, no. 2, p. 24, 2008.  
[57] ——, “Intelligent software agent design tool using goal net methodology,” in Pro-
ceedings of the 2007 IEEE/WIC/ACM International Conference on Intelligent Agent 
Technology. IEEE Computer Society, 2007, pp. 43–46.  
[58] H. Yu, Y. Cai, Z. Shen, X. Tao, and C. Miao, “Agents as intelligent user interfaces for 
the net generation,” in Proceedings of the 15th international conference on Intelligent 
user interfaces. ACM, 2010, pp. 429–430.  
[59] B. Li, H. Yu, Z. Shen, and C. Miao, “Evolutionary organizational search,” in 
Proceedings of The 8th International Conference on Autonomous Agents and Mul-
tiagent Systems-Volume 2. International Foundation for Autonomous Agents and 
Multiagent Systems, 2009, pp. 1329–1330.  
[60] H. Yu, C. Miao, X. Tao, Z. Shen, Y. Cai, B. Li, and Y. Miao, “Teachable agents in virtual 
learning environments: a case study,” in World Conference on E-Learning in Corporate, 
Government, Healthcare, and Higher Education, vol. 2009, no. 1, 2009, pp. 
1088–1096.  
[61] H. Yu, Z. Shen, and C. Miao, “A trustworthy beacon-based location tracking model for 
body area sensor networks in m-health,” in Information, Communications and Signal 
Processing, 2009. ICICS 2009. 7th International Conference on. IEEE, 2009, pp. 1–5.  
[62] H. Yu, Z. Shen, C. Miao, and A.-H. Tan, “A simple curious agent to help people be 
curious,” in The 10th International Conference on Autonomous Agents and Multiagent 
Systems-Volume 3. International Foundation for Autonomous Agents and Multiagent 
Systems, 2011, pp. 1159–1160.  
[63] C. Miao, H. Yu, Z. Shen, and X. Tao, “Agents for collaborative learning in virtual 
worlds,” Workshop on Opportunities for intelligent and adaptive behavior in 
collaborative learning systems, p. 21, 2010.  
[64] J. Lin, C. Miao, and H. Yu, “A cloud and agent based architecture design for an 
educational mobile sns game,” in Edutainment Technologies. Educational Games and 
Virtual Reality/Augmented Reality Applications. Springer Berlin Heidelberg, 2011, pp. 
212–219.  
[65] X. Tao, Z. Shen, C. Miao, Y.-L. Theng, Y. Miao, and H. Yu, “Automated negotiation 
through a cooperative-competitive model,” in Innovations in Agent-Based Complex 
Automated Negotiations. Springer Berlin Heidelberg, 2011, pp. 161–178.  
[66] H. Yu, S. Liu, A. C. Kot, C. Miao, and C. Leung, “Dynamic witness selection for 
trustworthy distributed cooperative sensing in cognitive radio networks,” in Pro-
ceedings of the 13th IEEE International Conference on Communication Technology 
(ICCT’11). IEEE, 2011, pp. 1–6.  
[67] Z. Shen, H. Yu, C. Miao, and J. Weng, “Trust-based web service selection in virtual 
communities,” Web Intelligence and Agent Systems, vol. 9, no. 3, pp. 227–238, 2011.  
[68] Y.-L. Theng, K.-L. Tan, E.-P. Lim, J. Zhang, D. H.-L. Goh, K. Chatterjea, C. H. Chang, 
A. Sun, H. Yu, N. H. Dang et al., “Mobile g-portal supporting collaborative sharing and 
learning in geography fieldwork: an empirical study,” in Proceedings of the 7th 
ACM/IEEE-CS joint conference on Digital libraries. ACM, 2007, pp. 462–471.  
[69] H. Yu, Z. Shen, and C. Leung, “Towards trust-aware health monitoring body area 
sensor networks,” International Journal of Information Technology, vol. 16, no. 2, 2010.  
[70] L. Pan, X. Meng, Z. Shen, and H. Yu, “A reputation-based trust aware web service 
interaction pattern for manufacturing grids,” International Journal of Information 
Technology (IJIT), vol. 17, no. 1, 2011.  
[71] H. Yu, Z. Shen, C. Miao, C. Leung, and D. Niyato, “A survey of trust and reputation 
management systems in wireless communications,” Proceedings of the IEEE, vol. 98, 
no. 10, pp. 1755–1772, 2010.  
[72] T. Qin, H. Yu, C. Leung, Z. Shen, and C. Miao, “Towards a trust aware cognitive radio 
architecture,” ACM SIGMOBILE Mobile Computing and Communications Review, vol. 
13, no. 2, pp. 86–95, 2009.  
[73] L. Pan, X. Meng, Z. Shen, and H. Yu, “A reputation pattern for service oriented 
computing,” in Information, Communications and Signal Processing, 2009. ICICS 2009. 
7th International Conference on. IEEE, 2009, pp. 1–5.  
[74] H. Yu, Z. Shen, C. Miao, J. Wen, and Q. Yang, “A service based multi-agent system 
design tool for modelling integrated manufacturing and service systems,” in Emerging 
Technologies and Factory Automation, 2007. ETFA. IEEE Conference on. IEEE, 2007, 
pp. 149–154.  
[75] H. Yu, Z. Shen, and B. An, “An adaptive witness selection method for reputation-based 
trust models,” PRIMA 2012: Principles and Practice of Multi-Agent Systems, pp. 
184–198, 2012.  
[76] H. Yu, C. Miao, X. Weng, and C. Leung, “A simple, general and robust trust agent to 
help elderly select online services,” in Network of Ergonomics Societies Conference 
(SEANES), 2012 Southeast Asian. IEEE, 2012, pp. 1–5.  
[77] C. Leung, C. Miao, H. Yu, and M. Helander, “Towards an ageless computing 
ecosystem,” International Journal of Information Technology (IJIT), vol. 18, no. 1, 
2012.  
[78] P. Cheng, H. Yu, Z. Shen, and Z. Liu, “An interactive 3d product design tool for mobile 
pre-commerce environments,” International Journal of Information Technology (IJIT), 
vol. 18, no. 2, 2012.  
[79] H. Yu, Z. Shen, C. Miao, and B. An, “Challenges and opportunities for trust 
management in crowdsourcing,” in IEEE/WIC/ACM International Conference on 
Intelligent Agent Technology (IAT). IEEE, 2012, pp. 486–493.  
[80] ——, “A reputation-aware decision-making approach for improving the efficiency of 
crowdsourcing systems,” in The 12th International Conference on Autonomous Agents 
and Multi-Agent Systems (AAMAS’13), 2013.  
[81] S. Liu, H. Yu, C. Miao, and A. C. Kot, “A fuzzy logic based reputation model against 
unfair ratings,” in The 12th International Conference on Autonomous Agents and 
Multi-Agent Systems (AAMAS’13), 2013.  
[82] H. Yu, Z. Shen, C. Leung, C. Miao, and V. R. Lesser, “A survey of multi-agent trust 
management systems,” IEEE Access, vol. 1, no. 1, pp. 35–50, 2013.  
[83] H. Yu, Y. Cai, Z. Shen, X. Tao, and C. Miao, “Intelligent learning companions for virtual 
learning environments,” in Multi-agent in Education and Entertainment Workshop in the 
9th International Conference on Autonomous Agents and Multi-agent Systems 
(AAMAS’10), 2010.  
[84] H. Song, Z. Shen, H. Yu, and Y. Chen, “Probabilistic-based scheduling for runtime goal 
sequence of agents,” in Computer Science and Automation Engineering (CSAE), 2012 
IEEE International Conference on, vol. 3. IEEE, 2012, pp. 490–494.  
[85] Q. Wu, X. Han, H. Yu, Z. Shen, and C. Miao, “The innovative application of learning 
companions in virtual singapura,” in Proceedings of the 2013 international conference 
on Autonomous agents and multi-agent systems. International Foundation for 
Autonomous Agents and, 2013, pp. 1171–1172.  
[86] H. Yu, Z. Shen, and C. Leung, “From internet of things to internet of agents,” in The 
2013 IEEE International Conference on Internet of Things (iThings 2013). IEEE Xplore, 
2013, pp. 1054–1057.  
[87] ——, “Bringing reputation-awareness into crowdsourcing,” in The 9th International 
Conference on Information, Communications and Signal Processing (ICICS’13). IEEE 
Xplore, 2013, pp. 1–5.  
[88] ——, “Towards health care service ecosystem management for the elderly,” Inter-
national Journal of Information Technology (IJIT), vol. 19, no. 2, 2013.  
[89] J. Ji, H. Yu, B. Li, Z. Shen, and C. Miao, “Learning chinese characters with gestures,” 
International Journal of Information Technology (IJIT), vol. 19, no. 1, 2013.  
[90] H. Yu, C. Miao, B. An, Z. Shen, and C. Leung, “Reputation-aware task allocation for 
human trustees,” in The 13th International Conference on Autonomous Agents and 
Multi-Agent Systems (AAMAS’14). IFAAMAS, 2014, pp. 357–364.  
[91] H. Yu, Z. Shen, C. Miao, and C. Leung, “A dynamic method for mixing direct and 
indirect trust evidence,” in The 1st International Workshop on Age-friendly Intelligent 
Computing -the 2012 World Congress on Computational Intelligence (WCCI’12), 2012.  
[92] H. Yu, Z. Shen, Q. Wu, and C. Miao, “Designing socially intelligent virtual companions,” 
in Workshop on Autonomous Social Robots and Virtual Humans at the 25th 
International Conference on Computer Animation and Social Agents (CASA’12), 2012.  
[93] H. Yu, X. Yu, S. F. Lim, J. Lin, Z. Shen, and C. Miao, “A multi-agent game for studying 
human decision-making,” in The 13th International Conference on Autonomous Agents 
and Multi-Agent Systems (AAMAS’14), 2014, pp. 1661–1662.  
[94] Y. Cai, Z. Shen, S. Liu, H. Yu, X. Han, J. Ji, C. Miao, M. J. McKeown, C. Leung, and C. 
Miao, “An agent-based game for the predictive diagnosis of parkinson’s disease,” in 
The 13th International Conference on Autonomous Agents and Multi-Agent Systems 
(AAMAS’14), 2014, pp. 1663–1664.  
[95] Y. Liu, J. Zhang, H. Yu, and C. Miao, “Reputation-aware continuous double auction,” in 
The 28th AAAI Conference on Artificial Intelligence (AAAI-14). The AAAI Press, 2014.  
[96] Y. Liu, S. Liu, H. Fang, J. Zhang, H. Yu, and C. Miao, “Reprev: Mitigating the negative 
effects of misreported ratings,” in The 28th AAAI Conference on Artificial Intelligence 
(AAAI-14). The AAAI Press, 2014.  
[97] J. Lin, H. Yu, Z. Shen, and C. Miao, “Using goal net to model user stories in agile 
software development,” in The 15th IEEE/ACIS International Conference on Software 
Engineering, Artificial Intelligence, Networking and Parallel/Distributed Computing 
(SNPD’14), 2014, pp. 1–6.  
[98] H. Yu and Y. Tian, “Developing multiplayer mobile game using midp 2.0 game api and 
jsr-82 java bluetooth api,” in The 2005 Cybergames Conference, 2005.  
[99] H. Yu, Z. Shen, X. Li, C. Leung, and C. Miao, “Whose opinions to trust more, your 
own or others’?” The 1st Workshop on Incentives and Trust in E-commerce the 13th 
ACM Conference on Electronic Commerce (WIT-EC’12), pp. 1–12, 2012.  
[100] H. Yu, Z. Shen, C. Miao, B. An, and C. Leung, “Filtering trust opinions through 
reinforcement learning,” Decision Support Systems (DSS), vol. 66, pp. 102–113, 
2014.  
[101] J. Lin, H. Yu, Z. Shen, and C. Miao, “Studying task allocation decisions of novice agile 
teams with data from agile project management tools,” in The 29th IEEE/ACM 
International Conference on Automated Software Engineering (ASE’14), 2014, pp. 
689–694.  
[102] J.-P. Mei, H. Yu, Y. Liu, Z. Shen, and C. Miao, “A social trust model considering 
trustees’ influence,” in The 17th International Conference on Principles and Practice 
of Multi-Agent Systems (PRIMA’14), 2014, pp. 357–364.  
[103] H. Yu, C. Miao, Z. Shen, C. Leung, Y. Chen, and Q. Yang, “Efficient task 
sub-delegation for crowdsourcing,” in The 29th AAAI Conference on Artificial Intelli-
gence (AAAI-15). AAAI Press, 2015, pp. 1305–1311.  
[104] H. Yu, C. Miao, Z. Shen, and C. Leung, “Quality and budget aware task allocation for 
spatial crowdsourcing,” in The 14th International Conference on Autonomous Agents 
and Multi-Agent Systems (AAMAS’15), 2015, pp. 1689–1690.  
[105] H. Yu, H. Lin, S. F. Lim, J. Lin, Z. Shen, and C. Miao, “Empirical analysis of  
reputation-aware task delegation by humans from a multi-agent game,” in The 14th 
International Conference on Autonomous Agents and Multi-Agent Systems 
(AAMAS’15), 2015, pp. 1687–1688.  
[106] J. Lin, H. Yu, C. Miao, and Z. Shen, “An affective agent for studying composite 
emotions,” in The 14th International Conference on Autonomous Agents and 
Multi-Agent Systems (AAMAS’15), 2015, pp. 1947–1948.  
[107] C. Leung, Z. Shen, H. Zhang, Q. Wu, J. C. Leung, K. H. Pang, H. Yu, and C. Miao, 
“Aging in-place: From unobtrusive sensing to graceful aging,” in The 24th Annual 
John K. Friesen Conference ”Harnessing Technology for Aging-in-Place”, 2015.  
[108] S. Liu, C. Miao, Y. Liu, H. Fang, H. Yu, J. Zhang, and C. Leung, “A reputation revision 
mechanism to mitigate the negative effects of misreported ratings,” in The 17th 
International Conference on Electronic Commerce (ICEC’15), 2015.  
[109] S. Liu, C. Miao, Y. Liu, H. Yu, J. Zhang, and C. Leung, “An incentive mechanism to 
elicit truthful opinions for crowdsourced multiple choice consensus tasks,” in The 
2015 IEEE/WIC/ACM International Joint Conference on Web Intelligence and 
Intelligent Agent Technology (WI-IAT’15), 2015.  
[110] B. Li, H. Yu, Z. Shen, L. Cui, and V. R. Lesser, “An evolutionary framework for 
multi-agent organizations,” in The 2015 IEEE/WIC/ACM International Joint 
Conference on Web Intelligence and Intelligent Agent Technology (WI-IAT’15), 2015.  
[111] Z. Pan, C. Miao, H. Yu, C. Leung, and J. J. Chin, “The effects of familiarity design on 
the adoption of wellness games by the elderly,” in The 2015 IEEE/WIC/ACM 
International Joint Conference on Web Intelligence and Intelligent Agent Technology 
(WI-IAT’15), 2015.  
[112] Z. Pan, C. Miao, B. T. H. Tan, H. Yu, and C. Leung, “Agent augmented 
inter-generational crowdsourcing,” in The 2015 IEEE/WIC/ACM International Joint 
Conference on Web Intelligence and Intelligent Agent Technology (WI-IAT’15), 2015. 
[113] H. Lin, J. Hou, H. Yu, Z. Shen, and C. Miao, “An agent-based game platform for 
exercising people’s prospective memory,” in The 2015 IEEE/WIC/ACM International 
Joint Conference on Web Intelligence and Intelligent Agent Technology (WI-IAT’15), 
2015.  
[114] H. Yu, C. Miao, S. Liu, Z. Pan, N. S. B. Khalid, Z. Shen, and C. Leung, “Productive 
aging through intelligent personalized crowdsourcing,” in The 30th AAAI Conference 
on Artificial Intelligence (AAAI-16), 2016.  
[115] Z. Shen, H. Yu, C. Miao, S. Li, and Y. Chen, “Multi-agent system development made 
easy,” in The 30th AAAI Conference on Artificial Intelligence (AAAI-16), 2016.  
[116] Y. Shi, C. Sun, Q. Li, L. Cui, H. Yu, and C. Miao, “A fraud resilient medical insurance 
claim system,” in The 30th AAAI Conference on Artificial Intelligence (AAAI-16), 2016.  
[117] H. Yu, C. Miao, Z. Shen, J. Lin, and C. Leung, “Infusing human factors into algorithmic 
crowdsourcing,” in The 28th Conference on Innovative Applications of AI (IAAI-16), 
2016.  
[118] Z. Pan, H. Yu, C. Miao, and C. Leung, “Efficient collaborative crowdsourcing,” in The 
30th AAAI Conference on Artificial Intelligence (AAAI-16), 2016.  
[119] H. Lin, H. Yu, C. Miao, and L. Qiu, “Towards emotionally intelligent machines: Taking 
social contexts into account,” in The 18th International Conference on 
Human-Computer Interaction (HCI’16), 2016.  
[120] Z. Man, K. Lee, D. Wang, Z. Cao, and C. Miao, “A new robust training algorithm for a 
class of single-hidden layer feedforward neural networks,” Neurocomputing, vol. 74, 
no. 16, pp. 2491–2501, 2011.  
[121] L. Pan, X. Luo, X. Meng, C. Miao, M. He, and X. Guo, “A two-stage winwin mul-
tiattribute negotiation model: Optimization and then concession,” Computational 
Intelligence, vol. 29, no. 4, pp. 577–626, 2013.  
[122] Y. Zhao, M. Ma, C. Miao, and T. Nguyen, “An energy-efficient and low-latency mac 
protocol with adaptive scheduling for multi-hop wireless sensor networks,” Computer 
Communications, vol. 33, no. 12, pp. 1452–1461, 2010.  
[123] J. Weng, C. Miao, A. Goh, Z. Shen, and R. Gay, “Trust-based agent community for 
collaborative recommendation,” in Proceedings of the 5th international joint 
conference on Autonomous agents and multi-agent systems (AAMAS’06), 2006, pp. 
1260–1262.  
[124] H. Song, C. Miao, Z. Shen, W. Roel, D. Maja, and C. Francky, “Design of fuzzy 
cognitive maps using neural networks for predicting chaotic time series,” Neural 
Networks, vol. 23, no. 10, pp. 1264–1275, 2010.  
[125] H. Song, Z. Shen, C. Miao, Y. Miao, and B. S. Lee, “A fuzzy neural network with fuzzy 
impact grades,” Neurocomputing, vol. 72, no. 13, pp. 3098–3122, 2009.  
[126] C. Miao, Q. Yang, H. Fang, and A. Goh, “Fuzzy cognitive agents for personalized 
recommendation web information systems engineering,” in Proceedings of the 3rd 
International Conference on Web Information Systems Engineering (WISE’02), 2002, 
pp. 362–371.  
[127] Y. Zhao, C. Miao, M. Ma, J. Zhang, and C. Leung, “A survey and projection on 
medium access control protocols for wireless sensor networks,” ACM Computing 
Surveys, vol. 45, no. 1, 2012.  
[128] D. Domazet, C. Miao, C. Calvin, H. Kong, and A. Goh, “An infrastructure for 
inter-organizational collaborative product development system sciences,” in 
Proceedings of the 33rd Annual Hawaii International Conference on System Sciences, 
2000.  
[129] G. Zhao, Z. Shen, C. Miao, and Z. Man, “On improving the conditioning of extreme 
learning machine: a linear case,” in Proceedings of the 7th International Conference 
on Information, Communications and Signal Processing (ICICS’09), 2009.  
[130] C. Miao, A. Goh, Y. Miao, and Z. Yang, “A dynamic inference model for intelligent 
agents,” International Journal of Software Engineering and Knowledge Engineering, 
vol. 11, no. 5, pp. 509–528, 2001.  
 
